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ABSTRACT
Traffic accidents have become amajor concern for governments, organizations and individuals worldwide due to thematerial and
moral losses they cause. It is possible to reduce this concern by taking into account the research conducted by relevant institutions
and organizations in this field. The main objective of this study is to categorize traffic accidents according to driver violation
types and analyse them using machine learning algorithms and feature sensitivity to identify the most influential variables
in each category. For this purpose, traffic accident reports that occurred in Erzurum province in the last 1 year were used to
categorize and classify driver violation behaviour types. Five different machine learning algorithms, namely k-nearest neighbour,
support vector machines, naive Bayes, multilayer perception and random forest, were used to examine the success performance
of the classification. Among these, 91% successful classification was obtained with the random forest algorithm. Based on the
classification obtained from this algorithm, sensitivity analysis was used to reveal the variables that most affect each violation
category. The results of the analysis revealed that driver age and vehicle type were the most influential variables for many types
of violations. Thanks to this study, the problems were clearly identified by going into the details of driver violation behaviours.
At the end of the study, measures to reduce driver violation behaviours were proposed. If the recommendations that can reduce
driver behaviour are taken into consideration by transportation authorities and policymakers, traffic accidents can be significantly
reduced.

1 Introduction

Traffic crashes have become a major concern for governments,
organizations, and individuals around the world. According
to the World Health Organization, road traffic crashes are a
leading cause of death worldwide, with more than 1.3 million
deaths recorded annually [1]. Road traffic crashes cause deaths
and injuries, as well as significant economic losses and social
disruption. Among the factors contributing to road traffic crashes,
human factors account for approximately 93%. Among these,

drivers are in the first place by causing approximately 89%
of traffic accidents [2–6]. Driver-related accidents are directly
related to the driver’s compliance with traffic rules. Violations of
traffic rules on the existing road section significantly increase the
risk of traffic accidents.

In order to better examine the traffic accidents that occur, these
accidents need to be analysed. By clearly identifying the violations
that cause accidents and taking measures accordingly, traffic
accidents can be significantly reduced. Although traditional
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methods have been used to analyse traffic crashes in the past,
new methods have been developed with the development of
technology. Traditionally, traffic crash analysis has relied on
manual review of crash reports and data collected from a variety
of sources such as closed-circuit television (CCTV) cameras,
weather sensors and traffic flow sensors [7–10]. However, with
advances in technology and the availability of large amounts
of data, artificial intelligence techniques have emerged as a
promising approach to analyse traffic accidents and identify their
causes. Since artificial intelligence includes methods such as
deep learning, machine learning and data mining, it enables the
analysis process to be done faster and with higher accuracy.

Machine learning is one of the most frequently used artificial
intelligence methods for analysing traffic accidents. Machine
learning has a large number of algorithms that incorporate
various methods of analysing data [6, 11–14]. These algorithms
can analyse large amounts of data and identify patterns that
can be used to predict the likelihood of traffic accidents and
understand the underlying factors that contribute to them. These
algorithms can also help identify high-risk areas, which can be
useful for preventing accidents on a point-by-point basis. In order
to further elaborate on how this method can contribute to the
analysis of traffic accidents, it is necessary to review the existing
studies in the literature.

2 RelatedWork

There are various studies in the literature that use machine
learning to analyse traffic accidents. One of the most preferred
types of studies in this field is the analysis of traffic accidents
by classifying them with machine learning methods. When the
existing studies in the literature on the analysis and classification
of traffic accidents with machine learning are examined in
general, studies on three categories stand out more:

∙ Analysis of traffic accident hot points [15–18].

∙ Severity analysis of traffic accidents [19–23].

∙ Prediction of traffic accidents [24–27].

Thanks to the success of machine learning algorithms in classi-
fying data, it can become easier to analyse traffic accidents. In
particular, the classification of data into certain classes allows
the analyst to make a more comprehensive analysis. In this way,
the number of studies analysing traffic accidents from different
aspects is increasing. In one of the studies conducted in this field,
Theofilatos et al. [28] compared the results by predicting the effect
of real-time traffic and weather parameters on highway accidents
with machine learning and deep learning models. As a result of
the study, they found that the deep learning model gave more
balanced results thanmachine learning, aswell as the naive Bayes
algorithm, which is a machine learning algorithm, showing good
performance.

Santos et al. [29] aimed to reduce the damages and severity of
accidents thatmay occur by utilizing data on traffic accidents that
occurred between 2016 and 2019 in the Setúbal region of Portugal.
For this reason, the severity of traffic accidents was analysed with
machine learning algorithms. The results show that a rule-based

model using the C5.0 algorithm is able to accurately identify the
most relevant factors that define the severity of a traffic accident.

In another study in this field, Ma et al. [30] mentioned the
importance of accurately predicting accidents caused by driver
distraction. For this purpose, they analysed the relationship
between driver’s phone use and distraction using machine learn-
ing. As a result of their analyses, they concluded that cell phone
use is an important factor in distraction and that distraction-
related traffic accidents are more likely to occur on highway
segments with irregular traffic flow conditions or medium truck
volumes.

Nassiri and Mohamadian [31] emphasized that traffic accident
frequency prediction is an important tool in traffic management.
They used machine learning methods such as negative binomial
regression, zero inflated negative binomial regression, support
vector machine and back-propagation neural networkmodels for
accident frequency prediction. As a result of the analysis, they
revealed that the prediction capability of the negative binomial
regression algorithm is better.

Bokaba et al. [32] mentioned that the use of classification features
of machine learning has increased in recent years in order to
better analyse the causes and effects of traffic accidents. For this
reason, in their study, it was aimed to obtain the most suitable
algorithm for the dataset by using different machine learning
algorithms. In the results of the analysis, it was revealed that
the random forest algorithm obtained themost successful results.
According to the results obtained from this algorithm, a traffic
accident prediction model was created.

Considering the studies specific to driver violations: Xu et al. [33]
used a driving simulator to design driving scenarios and study the
driving performance of drivers with different driving experiences
when other road users violate traffic rules. The experimental
results showed that some novice drivers ignored the position
of their own vehicles when they encountered traffic violations,
leading to collisions with other road users. Khattak et al. [34]
developed a systematic taxonomy of driver errors and violations
to examine the role of human factors and improve accident
investigations. Based on the data obtained, built environments
(measured by road zones) were classified according to road func-
tional classification and land uses. For example, residential areas,
school zones and church zones. According to the calculation of
the percentage of accidents in a given area based on the basic
percentage, interstate roads and open rural/open residential areas
(rural and semi-rural settlements) may pose lower risks, while
urban, business/industrial and school zone locations showed
higher accident risks. Ortega et al. [35] examined the effects
of cell phone use on drivers with the help of a simulator.
The findings confirmed that there are significant differences in
the driving performance of young drivers in terms of vehicle
control (i.e., lateral distance and hard shoulder line violations)
between inattentive and non-attentive drivers. Moreover, the
overall workload score of young drivers was found to increase
with their use of cell phones while driving.

This study addresses the gap in the literature regarding the lack of
categorization of driver-related traffic violations in the context of
traffic accidents using machine learning and sensitivity analysis
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methods. Categorization of driver violations allows for a more
efficient interpretation of traffic accidents. Machine learning
algorithms were used to successfully perform this categorization
process. According to the results obtained from the most suc-
cessful algorithm for the available data set, sensitivity analysis
was performed, and the most effective factors for each type of
traffic violation were determined. The remainder of this paper
is organized as follows: Section 2 provides a comprehensive
review of the relevant literature, focusing on previous research
on traffic accidents, driver behaviour, and machine learning
applications. Section 3 details the dataset used in the study,
outlines the preprocessing steps, and explains the methodology,
including the machine learning algorithms and the sensitivity
analysis approach. Section 4 presents empirical results, followed
by a discussion of their implications in the context of existing
studies. Finally, Section 5 summarizes the main findings, out-
lines the study’s limitations, and suggests directions for future
research.

3 Material and Method

3.1 Case Study and Data Description

Erzurum, a city located in the eastern region of Turkey, has a
relatively well-developed transportation infrastructure. The city
is connected to other parts of Turkey and neighbouring countries
through different modes of transportation, including air, road,
and rail. Road transportation is the main mode of transportation
in Erzurum, and the city is connected to other parts of Turkey by
well-developed highways. Erzurum is located on the important
highway connecting Ankara, the capital of Turkey, to the eastern

region of the country, and it is also connected to other cities in the
region by smaller highways [36].

According to 2022 statistics, Erzurum ranks in the top two among
the provinces of the Northeastern Anatolia Region in terms of
the number of traffic accidents with fatalities and injuries, the
number of traffic accidents with material damage, the number of
traffic accidents with fatalities and the number of traffic accidents
with injuries [37, 38]. It is very important to analyse the traffic
accidents that occur in the city and to go into the details of the
causes of these accidents to reduce traffic accidents both in the
city and in the region. An accident densitymapwas created in the
ArcGIS program by using the coordinates of traffic accidents with
death or injury that occurred in the city in 2022. The coordinates
of these traffic accidents that occurred in the city in 2022 and the
accident density map are shown in Figure 1.

Traffic crashes that occur in the city and result in death, injury
or serious damage are recorded by the traffic police. These crash
records, along with all their details, are collected at the Erzu-
rum Metropolitan Municipality Traffic Department for various
investigations. The details of the crashes include characteristics of
the drivers, passengers and pedestrians, as well as environmental
factors and road conditions. As of 2022, a total of 6892 traffic
accidents occurred in Erzurum. Of the accidents in the city, 1121
were fatal or injury accidents. In addition, a total of 50 people
died because of these accidents. In this study, traffic accidents
occurring in urban areas are analysed. Because most of the
accidents occurred in the city centre and on the main roads
connecting to this centre. By studying the crashes that occur in
the city, it has been found that approximately 90% of them are
caused by traffic violations by the driver. Table 1 below provides

FIGURE 1 Coordinates of crashes that occurred in the city in 2022.
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details of some of the traffic accidents that occurred in the city in
2022 and information onwhich driver violationswere responsible
for these accidents.

Each dataset contains information such as the coordinates where
the accident occurred, the time of the accident, weather and road
surface conditions, absence of traffic lights and signs, vehicle
characteristics, age and education level of the driver, and type
of traffic violation. The categorical data in the dataset were
converted into numerical form by numbering. The classes in
each data are numbered starting from one. If there are two
states for a category, one means present and two means absent.
Pedestrian crossings and shoulder categories are examples of this
situation. For the road type category, there are three classes:
divided road, one-way road and two-way road. For the category
of traffic lights or signs, there are three classes: present, absent
and inappropriate, respectively. For the weather category, there
are six classes: clear, fog/smoke, rain, snow, hail and strong wind,
respectively. For the road surface category, there are five classes:
dry,wet/moist, snowy, icy and other. For the vehicle type category,
there are fifteen classes: bicycle, horse-drawn carriage, motorized
bicycle, motorcycle, automobile, minibus, van, truck, tow truck,
bus, tractor, off-road vehicle, construction equipment, ambulance
and other. For the fuel type category, there are four classes:
gasoline, diesel, LPG, and electric. For the driver’s education level
category, there are six classes as primary school, secondary school,
elementary school, high school, undergraduate and postgraduate,
respectively.

When all reports of traffic accidents are examined in detail, it
is determined that driver violations vary. A total of 34 different
traffic violations were detected in all the crashes by the traffic
police of the Police Department in accordance with the Highway
Traffic Law [39]. Some of these violations only result in accidents
with material damage, while others can cause the death of many
people. Table 2 shows the traffic violations committed by the
drivers in the crashes that occurred in the city and the codes of
these violations according to the Highway Traffic Law.

3.2 Methodology

3.2.1 Machine Learning

Machine learning is an area of artificial intelligence that enables
computer systems to learn from data. This approach gives
computers the ability to extract knowledge from experience,
similar to how humans learn naturally. Machine learning algo-
rithms analyse large amounts of data to identify patterns and
relationships, enabling them to make predictions and decisions.
Two basic approaches, supervised and unsupervised learning,
form the foundation of machine learning. Supervised learn-
ing uses labelled training data to train models, while unsu-
pervised learning aims to structure data without relying on
labels. Machine learning has applications in diverse domains
such as image recognition, natural language processing, clas-
sification, and prediction, touching many aspects of daily life
[40, 41].

Machine learning allows the many algorithms it contains to
look at the data set from different angles. Therefore, while one

algorithmgives successful results for a data set, another algorithm
may give unsuccessful results. In this study, various machine
learning algorithmswere used to successfully analyse the dataset.
In this study, algorithms with different features, such as k-
nearest neighbour (IBK), support vector machines (LIBSVM),
naive Bayes (NB), multilayer perceptron (MP) and random forest
(RF), were used to determine the most appropriate algorithm for
the data set.

The IBK algorithm is a method based on majority voting of its
nearest neighbour that is often used to classify or predict the
label of an instance. When classifying a new instance, k-NN first
finds its k nearest neighbours and then classifies it by voting
for the categories of the k nearest neighbours. Therefore, an
appropriate number of nearest neighbours is critical for a k-NN
classifier [42].

LIBSVM are machine learning algorithms used for classification
or regression tasks. It is a further improvement made on the
SVM, which complements some parameters of the original
SVM. LIBSVM aims to separate data points by constructing an
optimal separating hyperplane. It has shown high performance
in classification or regression problems [43–45].

NB is a simple but effective machine learning classification
algorithm. Based on Bayes’ theorem, it assumes independence
between features when given a class label. It assumes that the
presence of a particular feature of a class is unrelated to the
presence of any other feature, given the class variable. Depending
on the precise nature of the probability model, NB can be trained
very efficiently in a supervised learning setting. TheNB algorithm
has achieved successful results in various applications, such
as natural language processing, spam filtering, and sentiment
analysis [46, 47].

The MP is one of the fundamental types of artificial neural
networks. It consists of an input layer, hidden layers, and an
output layer and uses weights and activation functions between
these layers. This algorithm is commonly used to solve complex
problems, such as deep learning and image processing [48–50].

RF is a machine learning algorithm that combines a set of
decision trees to solve classification or regression problems. The
algorithm, which combines several randomized decision trees
and aggregates their predictions by averaging, shows excellent
performance in settings where the number of variables is much
larger than the number of observations. Each tree is constructed
using random data sampling and random feature selection. RFs
are used to achieve high accuracy and robustness in complex data
sets [51, 52].

3.2.2 Sensitivity Analysis

Sensitivity analysis examines the effect of changing coefficient
values in a linear programming problem on the optimal solution
of the problem. It is examined to what extent the coefficients
in the model are imprecise and how much they will affect the
optimal solution by changing later. If it is observed that there will
be a difference in the optimal solution as a result of this change,
the problem should be solved again [53, 54].
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TABLE 2 Driver-related traffic violation behaviours detected in the study area.

Violation code Violation description

46/2-B Changing lanes in a dangerous manner
46/2-C Changing lanes in a way that changes the flow of traffic and endangers the safety of passengers,

unless otherwise indicated by a sign
47/1-A Disregard warning signs from police and other authorities
47/1-B Running a red light
47/1-C Disregard traffic signs
48/5 Driving under the influence of alcohol
51/2-B Speed violation
52/1-A Failure to reduce speed when approaching intersections
52/1-B Failure to drive according to the traffic and road conditions
52/1-C Failure to maintain a safe following distance
53/1-A Failure to keep right
53/1-B Failure to obey left turn rules
53/1-C Failure to obey roundabout rules
53/2A Failure to yield to pedestrians and bicyclists making right and left turns
54/1-A Failure to obey the rules of passing when attempting to pass the vehicle in front
54/1-B Making unsafe passing manoeuvres where passing is prohibited
56/1-A Making lane violations
56/1-B Failure to yield to oncoming traffic in two-way traffic situations
56/1-C Failure to maintain a following distance from the vehicle in front
57/1-A Failure to properly reduce speed and yield to other vehicles when approaching intersections
57/1-B Failure to give priority to the main road at junctions with secondary roads
57/1-C Drivers of non-motorized vehicles do not yield to motor vehicles coming from the right
57/1-D Entering the intersection in such a way as to impede traffic in the opposite direction
57/1-E Stopping, turning or slowing down unnecessarily at intersections
58/A Failure to stop on the far right side of the road according to the direction of travel, failing to allow

passengers to enter and exit from the right side of the road
59/A Stopping unnecessarily on highways, except in emergencies
60/1-B Parking in the left lane of the roadway
60/1-G Stopping alongside parked or stopped vehicles on the roadway
65/1-I Carrying unsecured cargo
67/A Creating a hazard to other vehicles using the roadway when leaving a parked position
69/1A Driving or causing to be driven domestic animals, herds, or manually operated vehicles without

observing the rules of the road
74/A Failure to yield to pedestrians in places where there are speed limits and pedestrian crossings
Y.110/B-3 Failure to yield to pedestrians at pedestrian crossings
Y.145/B Intimidate or disturb other drivers

In sensitivity analysis, changes in the objective function, con-
straint coefficients and resource values are examined, as well
as the change in the optimal solution if a new variable or a
new constraint is added. Normally, it is possible to find the
effects of any change in resources or constraints by re-solving the
linear programmingmodel. However, such a resolution is usually
unnecessary. Because it is possible to arrive at a different optimal
solution with the same basic variables. Sensitivity analysis tries

to determine the effect of such changes from the optimal solution
table without re-solving [55–58].

4 Results and Discussion

A total of 714 accidents occurred in the study area in one year. Of
these, 609 were reported as accidents caused by driver violations.

6 of 12 IET Intelligent Transport Systems, 2025
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TABLE 3 Categories created for traffic violation behaviours.

Traffic violation
categories Violation codes

Speed violation 51/2-B, 52/1-A
Failure to obey traffic
signs and officials

46/2-C, 47/1-A, 47/1-B,
47/1-C

Intersection use violations 53/1-A, 53/1-B, 53/1-C,
57/1-A, 57/1-D, 57/1-E

Failure to yield 53/2A, 56/1-B, 57/1-B, 57/1-C,
74/A, Y.110/B-3

Following distance
violation

52/1-C, 56/1-C

Improper passing and
lane violations

46/2-B, 54/1-A, 54/1-B,
56/1-A, 67/A

Disregarding traffic
conditions

52/1-B

Disregard for traffic flow
and order

48/5, 58/A, 59/A, 60/1-B,
60/1-G, 65/1-I, 69/1A, Y.145/B

This shows that approximately 85% of the total number of
accidents were directly caused by drivers. These traffic violations
were listed under 34 different traffic violation types. Since the
large number of traffic violation types made it difficult to analyse
the data, these types were divided into clusters according to
their characteristics. In this clustering process, themain headings
under which each traffic violation occurredwere determined. For
example, the types of traffic violations associated with the driver’s
speed violation were grouped together under the same main
heading. When this process was done for all types of violations,
a total of eight main headings were created. These main headings
and the types of violations under these headings are shown in
Table 3.

Each category created for traffic violations contains one or more
traffic violations. The aim is to evaluate similar traffic violations
together in the categories created. In this way, it became easier
to analyse traffic violations. After the categorization process of
traffic violations was completed, machine learning analysis was
performed. In the machine learning analysis processes, accu-
racy, precision, recall, f-measure, kappa statistic, mean absolute
error (MAE), and root mean square error (RMSE) variables are
obtained. Of these variables, precision, accuracy, recall and f-
measure are expressed as performance metrics, while kappa
statistics, MAE and RMSE variables are expressed as error
criteria. For an algorithm to be successful, performance metrics
and kappa statistics should be high, whileMAE andRMSE values
should be low. In case of incompatibility between these variables,
it can be said that the chosen algorithm is not suitable for the
analysis of the existing data set. For this reason, five different
machine learning algorithms were used in this study to obtain
more efficient and accurate results. In this section, 10-fold cross-
validation was used to ensure a reliable evaluation across all
models. Figure 2 shows the performance metrics obtained by the
algorithms.

When the performance metrics of the algorithms are examined,
it is seen that RF is themost successful algorithm. The f-measure,

recall and precision values obtained with this algorithm are very
high compared to others. The second most successful algorithm
for the current dataset is MP. Similar results were obtained by
the LIBSVM and IBK algorithms. Among the algorithms, the
algorithm with the lowest performance metric is NB.

After examining the performance metrics of the algorithms, it
is necessary to examine the error criteria. Because from time
to time, there can be an incompatibility between these two
criteria. The compatibility of these two criteria indicates that the
algorithm can successfully classify the given data set. The error
criteria of the algorithms are shown in Figure 3.

Looking at the error criteria of the algorithms, the RF algorithm
has the highest kappa statistics and the lowest MAE and RMSE
values. Although the MAE value of the LIBSVM algorithm is
low, the RMSE value is high, and the kappa statistic value is low.
These results indicate that the LIBSVM algorithm is not suitable
for the current data set. For the other three algorithms, the error
measures have much more distant values than the RF algorithm.
All these results show that the most suitable algorithm for the
current dataset is the RF algorithm.

The classification of all violations according to the RF algorithm
has been performed, and the distribution of driver violations
in traffic crashes that have occurred in 2022 has been revealed.
Considering the distribution of driver violations, it becomes
possible to take various precautions in traffic and significantly
reduce the number of crashes. Figure 4 shows the categorical
distribution of 609 driver-related traffic crashes in one year in
Erzurum province.

The top three categories of driver violation behaviours are
speeding, disregard for traffic conditions and intersection use
violations. Speeding is the biggest factor that increases the
number of fatalities and severity of injuries in traffic crashes. This
is because the speed limit set for a road section is the optimum
speed for that section, considering environmental factors and
road conditions. When determining these speed limits, the size
and characteristics of the vehicle are considered, and it is aimed
at stopping the vehicle safely from the moment the brakes are
applied. If drivers do not take traffic conditions into account,
they may jeopardize both their own safety and the safety of other
people (passengers or pedestrians) in traffic.

Intersection use violations can sometimes cause traffic accidents
aswell as increase traffic congestion at the intersection.One of the
most common cases of this type of violation is that when there is
a change in the geometric design of the intersection, the drivers
may behave in the same way as before out of frustration. Another
common situation is the inability of drivers to use the intersection
efficiently due to the type of intersection. For example, modern
roundabouts do not have traffic lights. In these intersections, the
vehicle inside the island has priority, and drivers who want to
enter the intersection island from other roads have to behave
accordingly. If this usage characteristic of the intersection is not
known, violations of usage are common at these intersections.

Besides these three most common driver violations, other
categories are also very important. These include erroneous
overtaking, lane violations and failure to yield, which seriously
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FIGURE 2 Performance metrics obtained with algorithms.

FIGURE 3 Error criteria obtained from algorithms.

jeopardize pedestrian safety. On the other hand, failure to main-
tain the following distances between vehicles also leads to traffic
accidents, often resulting in rear-end collisions.

In order to reveal the relationship between these traffic violation
categories and the variables, a sensitivity analysis was conducted.
According to this analysis, the three most influential variables in
each traffic violation category and their impact ratios are shown
in Table 4.

The results of the sensitivity analysis show that the age of the
driver is themost influential factor in speed violations. A detailed
analysis of the dataset reveals that drivers are more likely to
commit speed violations when their age is between 20 and 38.
In the case of failure to obey traffic signs and officials, the most
influential variable is the educational level of drivers. Drivers
with primary and secondary school education are more likely to
commit this violation. In the case of intersection usage violations,
the three most effective variables are time of day, pedestrian
crossing and traffic light or sign. The most effective variable

in failure to yield violations is the type of vehicle. Especially
drivers driving minibuses were found to commit this violation
more frequently. In following distance violations, the type of
road surface was found to be the most determining variable.
When the road surface is dry, accidents due to following distance
violations are more frequent. The most effective variable in
improper passing and lane violations was found to be the age
of the driver. A detailed analysis of the data reveals that drivers
between the ages of 30 and 43 are more prone to this type of
violation. In the type of violation disregarding traffic conditions,
it was determined that the education level of the driver and age of
the driver have a near effect. Upon detailed analysis of the data,
it was determined that drivers with secondary and high school
education levels and between the ages of 23 and 40 were more
prone to this type of violation. It has been determined that the
most effective variable in the violation type of disregarding for
traffic flow and order is the type of vehicle. When the data related
to this situation were analysed, it was determined that minibus
and pickup truck driversweremore prone to this type of violation.

When the results obtained are analysed in general, it is deter-
mined that different variables are effective for each type of
violation in traffic accidents caused by driver violations.However,
the age of the driver and vehicle type were found to be very
effective variables in many types of violations. The age of the
driver was found to be the most influential variable in speed
violations, overtaking and lane violations and disregarding traffic
conditions. Vehicle type was found to be the most influential
variable in traffic flow and order violations and failure to yield.
For this reason, it would be more useful to elaborate on traffic
accidents by categorizing them as in this study, rather than just
interpreting them in general.

The observation that younger drivers are more inclined to
speeding violations aligns with previous studies, such as Ma
et al. [30], who emphasized the role of age in distraction-related
crashes. Similar findings were reported by Kuşkapan et al. [9],
who identified age and gender as influential factors in the spatial
clustering of fatal and injury crashes in Erzurum. Moreover, the
effect of educational level on compliance with traffic rules is
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FIGURE 4 Categorical distribution of driver-related traffic crashes.

TABLE 4 Sensitivity analysis of traffic violation behaviour categories.

Traffic violation behaviour categories Most efficient variables
Sensitivity analysis
(%)

Speed violation Type of vehicle 35
Time of day 16
Age of driver 37

Failure to obey traffic signs and officials Educational level of the driver 29
Pedestrian crossing 14
Age of driver 21

Intersection use violations Time of day 20
Pedestrian crossing 17
Traffic light or sign 20

Failure to yield Type of vehicle 38
Pedestrian crossing 17
Type of road 13

Following distance violation Fuel type 14
Type of road surface 27
Weather 18

Improper passing and lane violations Type of vehicle 36
Age of driver 41
Day of week 17

Disregarding traffic conditions Weather 14
Educational level of the driver 28
Age of driver 29

Disregard for traffic flow and order Type of vehicle 40
Time of day 11
Type of road 13

consistent with Infante et al. [20] and is further supported by
Kuşkapan et al. [17], who highlighted that driver characteristics
significantly influence violation behaviour patterns in urban
areas.

All driver violation behaviours categorized in the study cause
serious material and moral losses for countries. For this reason,

many developed countries have implemented various policies to
minimize these violations. The most common of these policies is
the level of deterrence of traffic fines. High fines or suspension
of a driver’s license for a certain period of time are important
deterrents for traffic violations. It is recommended that these
fines be increased by the local government and police in the
study area. The most common speed violations by drivers in the
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city can be prevented by using electronic monitoring systems.
Various information and guidance can be provided through smart
signs for traffic flow order and the proper use of intersections. In
addition, seminars and talks can be organized to inform drivers
that obeying traffic rules is a civic duty and that they should be
tolerant of other people in traffic.

In addition to all these, it is necessary to increase the number
of training courses on obeying traffic rules and not violating
these rules in education systems, starting from primary school.
It is possible to reduce traffic accidents by increasing people’s
sensitivity to the rules with more efficient training starting from
this level.

5 Conclusion

Most traffic crashes are caused by drivers who violate traffic laws.
To reduce the number of crashes, a traffic fine is imposed for each
type of violation. Since these fines are very diverse, it is difficult
to analyse driver violation behaviours. In this study, all traffic
fines were analysed, and a classification process was performed
according to the types of fines. In the classification process, all
traffic fines are classified into eight main categories according to
their content. Machine learning algorithmswere used tomeasure
the success of this classification. Of the six different algorithms
used in the study, the RF algorithm produced very successful
results. As a result of the distribution made with this algorithm,
it was found that speed violations, disregarding traffic conditions,
and intersection use violations were the most common problems
among 609 traffic crashes. To prevent these problems, it is recom-
mended to use electronic monitoring systems that electronically
monitor speed violations with cameras. For disregarding traffic
conditions and intersection use violations, it is recommended that
traffic police officers conduct inspections on road sections where
these problems are common. To minimize all driver violations in
general, it is recommended that traffic fines should be a deterrent.
In this case, it is likely that the rate of drivers’ compliance with
traffic rules will increase.

In future studies to be conducted in this field, pedestrian and
passenger violation behaviours can be handled similarly, and
the human factor, which is the most effective factor in traffic
accidents, can be addressed in terms of other variables. When
all these situations are evaluated together, it is possible for policy
makers to examine the results andmake various policies to reduce
human-caused traffic accidents.
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